The accuracy and fluency of a handover task affects the work efficiency of human-robot collaboration. A precise and proactive estimation of handover time points by robots when handing over assembly parts to humans can minimize waiting times and maximize efficiency. This study investigated and compared the cycle time, waiting time, and operators' subjective preference of a human-robot collaborative assembly task when three handover prediction models were applied: traditional method-time measurement (MTM), Kalman filter, and trigger sensor approaches. The scenarios of a general repetitive assembly task and repetitive assembly under a learning curve were investigated. The results revealed that both the Kalman filter prediction model and the trigger sensor method were superior to the MTM fixed-time model in both scenarios in terms of cycle time and subjective preference. The Kalman filter prediction model could adjust the handover timing according to the operator's current speed and reduce the waiting time of the robot and operator, thereby improving the subjective preference of the operator. Moreover, the trigger sensor method's inherent flexibility concerning random single interruptions on the operator's side earned it the highest scores in the satisfaction assessment.
Introduction
Human collaboration with robots in a coworking space or working with robots in a partnership manner is described as a close-proximity human-robot interaction (HRI) [1] [2] [3] [4] . This collaboration between human operators and robots becomes possible in production systems mainly due to the improvements in safety design and autonomy of robots [5] [6] [7] [8] [9] . The combination of performative accuracy of collaborative robots with the planning flexibility of human actors has resulted in novel production applications that allow more natural and effective interaction between humans and robots with the objective of smart production [3, [10] [11] [12] [13] . The immediate collaboration between human operators and robots becomes possible in production systems mainly due to the improvements in safety design [14] .
In smart production, the handover is one of the basic interactive elements in the context of close-proximity HRI. A significant amount of research has been conducted in recent years to explore the different facets of handovers [15] , including grasp path planning [16, 17] , grasp power control during a handover process [18] , fluency [19] , and social interactivity [20] [21] [22] . and Kalman filter are easier to implement on actual production lines than a trigger sensor. Second, in the trigger sensor method, the robot has to be kept in a handover-ready state during the entire assembly cycle to achieve an efficient robot reaction time. However, in actual collaborative assembly tasks, robots generally have their own tasks in addition to handovers and thus cannot be kept ready for a handover task. Yet, given its high responsiveness to random and sudden errors, operators have a greater flexibility and freedom to deviate from the strict time constraints of the MTM.
Materials and Methods

Assembly Task and Measurement System
The human-robot collaborative assembly task used in this study was the desktop version of the common building blocks task. The robot used was a 6-degrees-of-freedom collaborative robot UR3 produced by Universal Robots (Odense, Denmark). The UR3 can work as the second member of a two-person team, which conforms with the situations to be explored in this study. In addition, the robot is equipped with 15 adjustable safety tools including power sensing, which enables the UR3 to maintain a high degree of safety during operation or when working in close proximity with the operator. The workbench layout is as displayed in Figure 1 . The operator sat in front of the workbench. The point 12 cm from the leading edge of the workbench was the assembly point. Moreover, a parts bin was constructed 38 cm to the right using scattered orange blocks. The appearance of the blocks and their manner of assembly were similar to those of Lego blocks; thus, the assembly task involved only alignment and downward force once the blocks had been removed from the parts bin. Another parts bin containing assembled blocks was placed 38 cm to the left of the operator, and the point 34 cm in front of the assembly point was the handover point of the UR3 robot.
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Assembly Task and Measurement System
The human-robot collaborative assembly task used in this study was the desktop version of the common building blocks task. The robot used was a 6-degrees-of-freedom collaborative robot UR3 produced by Universal Robots (Odense, Denmark). The UR3 can work as the second member of a two-person team, which conforms with the situations to be explored in this study. In addition, the robot is equipped with 15 adjustable safety tools including power sensing, which enables the UR3 to maintain a high degree of safety during operation or when working in close proximity with the operator. The workbench layout is as displayed in Figure 1 . The operator sat in front of the workbench. The point 12 cm from the leading edge of the workbench was the assembly point. Moreover, a parts bin was constructed 38 cm to the right using scattered orange blocks. The appearance of the blocks and their manner of assembly were similar to those of Lego blocks; thus, the assembly task involved only alignment and downward force once the blocks had been removed from the parts bin. Another parts bin containing assembled blocks was placed 38 cm to the left of the operator, and the point 34 cm in front of the assembly point was the handover point of the UR3 robot. The experimental operation is illustrated in Figure 2 . Before the experiment was started, the operator sat in front of the workbench and placed both hands at the assembly point of the workbench. When the operation was started, the operator used the right hand to grab an orange block from the parts bin and passed the block to the left hand, which fixed the block on the assembly point. Subsequently, the operator's right hand reached to the parts bin again to pick up a second orange block and return to the assembly point. The second block was assembled onto the first block. A similar procedure was applied for the third block. After assembling three orange blocks, the operator's right hand extended from the assembly point to the handover point, grabbed a green block being handed over by the robotic gripper, and returned to the assembly point, where the green block was assembled The experimental operation is illustrated in Figure 2 . Before the experiment was started, the operator sat in front of the workbench and placed both hands at the assembly point of the workbench. When the operation was started, the operator used the right hand to grab an orange block from the parts bin and passed the block to the left hand, which fixed the block on the assembly point. Subsequently, Appl. Sci. 2020, 10, 556 5 of 22 the operator's right hand reached to the parts bin again to pick up a second orange block and return to the assembly point. The second block was assembled onto the first block. A similar procedure was applied for the third block. After assembling three orange blocks, the operator's right hand extended from the assembly point to the handover point, grabbed a green block being handed over by the robotic gripper, and returned to the assembly point, where the green block was assembled onto the semi-finished product of orange blocks. Upon completion of the assembly task, the finished product was placed in the parts bin on the left side. A completely assembled product is displayed on the right side in Figure 1 .
Appl. Sci. 2020, 10, x FOR PEER REVIEW  5 of 22 onto the semi-finished product of orange blocks. Upon completion of the assembly task, the finished product was placed in the parts bin on the left side. A completely assembled product is displayed on the right side in Figure 1 . This study used PhaseSpace motion capture to capture motion data from the experiment. To measure the task operation of the operator, one light-emitting diode (LED) spotlight of the PhaseSpace was fixed to the joint of the operator's middle finger on the right hand, and another spotlight was fixed to the tool center point of the robot's outer gripper; the sampling frequency was set to 240 Hz. During the experiment, the spatial position and time information of the two LEDs were collected using Vizard Virtual Reality Software's built-in real-time Python application programming interface for capturing PhaseSpace data, and the handover time point was calculated according to the handover prediction model being tested in that experiment. Subsequently, the gripper of the UR3 robot was moved to the handover point according to the calculation result transmitted by the network; this completed the handover action. The robot returned to its initial state after completing the handover task and was manually loaded with a new assembly block by an assistant for the next assembly cycle. Vizard also recorded the position and speed of the LEDs on the UR3 gripper and the back of the operator's right hand. The data were stored in an Excel file at a recording frequency of 60 Hz. This study used PhaseSpace motion capture to capture motion data from the experiment. To measure the task operation of the operator, one light-emitting diode (LED) spotlight of the PhaseSpace was fixed to the joint of the operator's middle finger on the right hand, and another spotlight was fixed to the tool center point of the robot's outer gripper; the sampling frequency was set to 240 Hz. During the experiment, the spatial position and time information of the two LEDs were collected using Vizard Virtual Reality Software's built-in real-time Python application programming interface for capturing PhaseSpace data, and the handover time point was calculated according to the handover prediction model being tested in that experiment. Subsequently, the gripper of the UR3 robot was moved to the handover point according to the calculation result transmitted by the network; this completed the handover action. The robot returned to its initial state after completing the handover task and was manually loaded with a new assembly block by an assistant for the next assembly cycle. Vizard also recorded the position and speed of the LEDs on the UR3 gripper and the back of the operator's right hand. The data were stored in an Excel file at a recording frequency of 60 Hz.
Handover Prediction Models
Method of Time Measurement
The MTM calculates the overall execution time based on the predetermined durations of basic motion sequence, body motion, and various physical task parameters [46] . The MTM breaks down human motions into extremely small steps to accurately describe the tasks performed by humans and calculate the time required in a standardized manner [47] . The unit of time of MTM is the TMU, with 1 TMU = 0.036 s.
In this study, the MTM was employed to calculate the standard assembly time, which was then used to set the cycle time over which the robot would perform fixed tasks. Table 1 presents a decomposition of the actions for assembling one orange block and one green block, which take 56.02 TMU and 73.32 TMU, respectively. To complete an assembly task (assembly of three orange blocks and one green block), the orange block action must be performed three times before a green block is added, thus taking a total of 241.38 TMU (~8.7 s). This value was verified in a pretest involving 10 participants, for which the average assembly time and twice its standard deviation was 8.31 ± 0.82 s for the completion of one assembly task; this is consistent with the standard assembly time of 8.7 s calculated using the MTM. In the MTM handover prediction model, each handover of the UR3 robot lasts 8.7 s according to the calculated cycle time. The calculation benchmark was based on the completion time point of the previous handover. Due to the fact that the UR3 robot requires 0.45 s to move from the start point to the handover point and the network information transfer latency is approximately 0.15 s, the trigger is released 0.6 s before the predicted handover time.
Kalman Filter
The Kalman filter was proposed by Kalman in the 1960s and is an optimal recursive data processing algorithm. It can generate optimal solutions with high efficiency for most problems. In addition, it has been widely applied for more than 30 years, particularly in autonomous systems and navigation assistance, including robot navigation, control, and military radar systems and missile tracking. The Kalman filter uses a set of efficient mathematical recursive equations to estimate a system process state by minimizing the squared error under the assumption of Gaussian white noise. The process can be used to predict past, present, and future states and can operate under a system with uncertain system states. For a linear system, the Kalman filter can use a system process model to predict the next state of the system.
Assume that the current system state is k. According to the system model, k can be predicted on the basis of the previous state, denoted k − 1:
wherex − k is the predictive system value of state k, which is the estimated occurrence time of the k th handover in this study. Throughx − k , prediction is performed using the predicted result from the previous state,x k−1 . Additionally, u k−1 is the input control amount in the state k − 1, and A and B are system parameter matrices. In this study, u k−1 is set to 0 and A is set to the identity matrix because there is no additional input for adjustment of the system. In Equation (2), P − k is the estimated error covariance matrix corresponding tox − k . A T is the transpose of matrix A, and Q is the system process noise covariance matrix, which represents the noise of the process and is assumed to be Gaussian white noise that does not change with the system state. In this study, Q was set to 1×10 −5 . Equations (1) and (2) are the first two of the five formulas of the Kalman filter and correspond to the prediction part of the system.
After obtaining the prediction of the current state, the Kalman Gain, denoted K k , is calculated. H is the parameter matrix of the measurement system and is assumed to be a constant that is set to the identity matrix in this study; R is the measurement noise covariance matrix of the system, which is also assumed to be Gaussian white noise that does not change with the system state. In this study, R is set to 0.004 2 , and this number affects sensitivity of the system predictions. In Equation (4), K k , the predicted valuex − k of the previous state k − 1, and the measured value z k of the current state are employed to determine the assembly cycle time. The assembly cycle time is defined as the actual measured interval between two successive block grabs of the UR3. By combiningx − k and z k , the optimal estimated valuê x k of the current state k can be obtained. Equation (5) updates the covariance P k ofx k in the state k, allowing the Kalman filter to proceed to the next recursive cycle. Equations (3) to (5) are the final three equations of the Kalman filter and correspond to the updating of the system. Therefore, in the handover prediction model of the Kalman filter in this study, in addition to adjustable system parameters such as R and Q, the external input values that affect the system include the actual assembly cycle time that is measured in each cycle. It is worth noting that Kalman filter required initial datax o to start the algorithm and the MTM standard time, 8.7 s, was used as the initial solution in this study.
Trigger Sensor
Unlike the two aforementioned models, the trigger sensor method is a reactive handover prediction model. Due to the fact that the positions of the LEDs fixed to the back of the operator's hand and the UR3 robotic gripper were detected by the PhaseSpace during the assembly task and then read using Vizard, the position information from the repetitive assembly task could be used as the basis for specifying when the robot initiated a handover. When the operator completed the assembly of three orange blocks and reached beyond a specific plane toward the handover point, the UR3 robot was triggered to initiate the handover action. A total of 0.6 s was required for one complete handover task (0.45 s for the UR3 robot to move from the starting point to the handover point, and 0.15 s for network transfer latency). Therefore, the trigger plane was set to the location corresponding to 0.6 s before the operator reaches the handover point. Given the average speed of the operator, the trigger plane was set to 12 cm in front of the assembly point. When the PhaseSpace LEDs on the back of the operator's hand were detected to pass this plane, the program immediately sent a command to trigger the robot. Theoretically, in this reactive handover prediction model, the robot and operator should arrive at the handover point simultaneously, minimizing the waiting time and cycle time of the robot and operator. The trigger sensor model was used to benchmark the other two models but is unsuitable for predicting robot handover times in actual production systems. First, the trigger sensor must be relatively complicated if it is to instantly detect an operator's hand movements and position. Taking this study as an example, the PhaseSpace system must detect the LED position, which is difficult to implement on production lines due to complexity and cost considerations. Compared with a trigger sensor, the MTM uses the standard cycle time determined beforehand. Moreover, when the Kalman filter is executed on an actual production line, the only system input required is the interval between the removal time of previous and current objects. For a robotic gripper with force feedback, these data are relatively easy to obtain. Therefore, the MTM and Kalman filter are easier to implement on actual production lines than a trigger sensor. Second, in the trigger sensor method, once the network transfer latency time is deducted, the robot has only 0.45 s to respond once the operator's hand has passed the trigger plane. The present study focused on the effect of time variability on handover fluency; no other tasks were given to the robot except for this task. Therefore, this robot had to be kept in a handover-ready state during the experiment to achieve the robot reaction time of 0.45 s. However, in actual collaborative assembly tasks, robots generally have their own tasks in addition to handovers and thus cannot be kept ready for a handover task. The trigger sensor method is thus a suitable point of comparison with the MTM and Kalman filter.
Task Cycle Time and Waiting Time
The objective measurements made in this study included the cycle time and waiting time for completing an assembly task. The waiting time was further divided into the operator waiting time (OWT) and robot waiting time (RWT). Figure 3 presents a graph showing the speed and distance changes during an assembly task, including the distance between the two spotlights and the speed change of the LED spotlights on the robotic gripper and back of the operator's hand. A complete assembly task consisted of the assembly of three orange blocks, handover of a green block from the robot, assembly of the green block, and finally placement of the assembled blocks in the placement area. Figure 3 presents a graph showing the speed and distance changes during an assembly task, including the distance between the two spotlights and the speed change of the LED spotlights on the robotic gripper and back of the operator's hand. A complete assembly task consisted of the assembly of three orange blocks, handover of a green block from the robot, assembly of the green block, and finally placement of the assembled blocks in the placement area. According to the hand speed variation curve in Figure 3 (V_Hand), the movement process for the first block (G1) that was taken from the building block area produced a waveform showing clear acceleration and then deceleration. A similar undulating waveform was generated when the hand returned from the building block area to the assembly point (R1), during the subsequent movements for the orange block assembly, and when the hand was extended to the handover point (RtR). At this time, the UR3 speed variation curve (V_UR3) shows acceleration and then deceleration as the robot moved to the handover point to prepare to perform the handover task (SD); however, the speed changed less substantially than that of the human operator's hand. When the robot reached the handover point and stopped, the operator took the block from the robot and returned to the assembly point (RtA). The robot returned to the starting point (FD) once the spotlight on the operator's hand had passed the virtual trigger plane. The cycle time is the time required to complete an assembly task and is defined as the interval between the two G1 events.
During the handover process, both the RWT and OWT affected the task fluency. As illustrated in Figure 3 , RtR occurred earlier than SD. When the hand speed was close to 0 during the RtR event, the operator's hand had arrived at the handover point. When the robot's speed was close to 0 during the SD event, the robot had arrived at the handover point. The OWT is the duration between the speed of the operator's hand reaching 0 during the handover event (RtR) and the robot arriving at the handover point. By contrast, the RWT is the duration between the robot arriving at the handover point and the operator completing the orange block assembly tasks and moving to the handover point (RtR). This case is illustrated in Figure 4 : SD occurred earlier than RtR, and the interval between them is the RWT. According to the hand speed variation curve in Figure 3 (V_Hand), the movement process for the first block (G1) that was taken from the building block area produced a waveform showing clear acceleration and then deceleration. A similar undulating waveform was generated when the hand returned from the building block area to the assembly point (R1), during the subsequent movements for the orange block assembly, and when the hand was extended to the handover point (RtR). At this time, the UR3 speed variation curve (V_UR3) shows acceleration and then deceleration as the robot moved to the handover point to prepare to perform the handover task (SD); however, the speed changed less substantially than that of the human operator's hand. When the robot reached the handover point and stopped, the operator took the block from the robot and returned to the assembly point (RtA). The robot returned to the starting point (FD) once the spotlight on the operator's hand had passed the virtual trigger plane. The cycle time is the time required to complete an assembly task and is defined as the interval between the two G1 events.
During the handover process, both the RWT and OWT affected the task fluency. As illustrated in Figure 3 , RtR occurred earlier than SD. When the hand speed was close to 0 during the RtR event, the operator's hand had arrived at the handover point. When the robot's speed was close to 0 during the SD event, the robot had arrived at the handover point. The OWT is the duration between the speed of the operator's hand reaching 0 during the handover event (RtR) and the robot arriving at the handover point. By contrast, the RWT is the duration between the robot arriving at the handover point and the operator completing the orange block assembly tasks and moving to the handover point (RtR). This case is illustrated in Figure 4 : SD occurred earlier than RtR, and the interval between them is the RWT. 
Subjective Measurement of Collaboration Fluency
In addition to the objectively assessed cycle time and waiting time, this study subjectively assessed the handover task collaboration fluency of the operator and robot when different handover prediction models were employed. The subjective questionnaire was adapted from the fluency section of Unhelkar et al. [48] , which defined fluency through the items "the robot and I work well together", "the deliveries made by the robot are smooth", and "I work fluently with the robot". The 
In addition to the objectively assessed cycle time and waiting time, this study subjectively assessed the handover task collaboration fluency of the operator and robot when different handover prediction models were employed. The subjective questionnaire was adapted from the fluency section of Unhelkar et al. [48] , which defined fluency through the items "the robot and I work well together", "the deliveries made by the robot are smooth", and "I work fluently with the robot". The experimental participants responded to these items using a 5-point Likert scale.
Experimental Procedures
Experiment 1: Repetitive Assembly
The first part of the repetitive assembly task was employed to investigate whether the operator's assembly time was affected only by nonattributable random errors. There were two factors in the first experiment. The first one was a between-subject factor, skill level. The participants were divided into three skill levels, namely the beginner, intermediate, and advanced skill levels. The second one was a within-subject factor, handover prediction model, with three levels, namely the MTM, trigger sensor method, and Kalman filter.
This study was reviewed and approved by the Research Ethics Committee (REC) at National Tsing Hua University in Taiwan under the approval reference number 10507EE038. A total of 36 volunteers recruited from the College of Engineering at Feng Chia University participated in the experiment. After the participants signed a consent form, the experiment was conducted, and appropriate compensation was given to the participants according to their number of participation hours. At the beginning of the experiment, the participants familiarized themselves with the experimental task during a training session and the experimental procedure, after which they were instructed to assemble the blocks in a situation similar to that at an actual production site before conducting the experiment.
In the experiment, one session comprised the assembly of 20 products, with each product consisting of four building blocks (three orange blocks and one green block handed over by the robot). Thus, each participant in each session had to complete 20 handover tasks with the robot. Before starting the experiment formally, a training session was implemented. The handover prediction model used in the training session was the benchmarking trigger sensor method. The purpose of the training session was to familiarize participants with the process of the assembly task and the handover procedure in which a participant obtained the last building block from the robot at a specific delivery location. The training session did not intend to disseminate the differences among the three handover models. Since the trigger sensor method was expected to have the capability to move the robot to the delivery location simultaneously with a human operator, it was applied in the training session.
Of the 36 participants in the training session, the 12 participants with the longest average assembly cycle time were assigned to the beginner skill level group, the 12 fastest participants were assigned to the advanced skill level group, and the remaining 12 participants were assigned to intermediate skill level group.
Assembly tasks on a real production assembly line require specific conditions to achieve high efficiency. To reflect these real-world situations, the following instructions were provided to the participants. Assembly errors result in considerable penalty costs; thus, the participants were told that the assembly should be performed as carefully as possible and without making errors. Additionally, production requires line balance, so the participants were instructed that a stable assembly rate should be maintained to reduce cycle time variation. Finally, this study assumed that a production line is rested after 1.5 h of continuous operation; thus, the participants were told that they should be able to maintain a constant speed for 1.5 h.
The handover method was a within-subject factor, which means that each participant performed all three handover methods. It was important to mitigate the potential confounding caused by experience gained from conducting the previous method. To avoid such confounding, within each skill level, all participants were randomly divided into three groups and the sequences of conducting the three methods in each of the three groups were counterbalanced. That is, the sequence of the first group was MTM, trigger sensor, and Kalman filter; the second group trigger sensor, Kalman filter, and MTM; and the last group Kalman filter, MTM, and trigger sensor. Due to the fact that each method was evenly tested at all three orders, any learning effects would "balance out" across the three methods, removing the confounding. Participants were aware that they would interact with the robot in three different methods in terms of handover timing control, but they were not aware of the specific differences.
The assembly cycle time, OWT, and RWT were recorded during each session for 20 sessions. The intermediate group was given two additional training sessions and the advanced group was given four additional training sessions in order to increase the difference to the beginner level. After completing a handover experiment, each participant was required to complete the subjective preference questionnaire for the handover prediction model employed.
Experiment 2: Assembly Learning Effect
Performance usually increases when a person repeats a particular activity. The learning curve indicates that the more repetitions are performed, the shorter the completion time or the higher the performance becomes. A learning curve exists for repetitive assembly tasks. As the number of repetitions increases, the cycle time decreases. However, because random errors can occur during each assembly task, the learning curve for a single operator is a decreasing and meandering curve.
The second part of the assembly learning effect experiment explored the effects of different handover prediction models on the interaction fluency between the robot and operator in a repetitive assembly process due to experience accumulation and a reduction of the task completion cycle time. A total of 36 volunteers participated in this experiment, none of whom participated in the previous phase of the experiment. The procedures of signing the consent form and remuneration were similar to those in the first experiment, and the study was approved by the same REC reference number as the first experiment. In this experiment, the handover prediction model was the between-subject factor. The participants were randomly assigned to one of the handover prediction models, with 12 participants for each model. The experiment also started with a training session to familiarize participants with the assembly task and the handover procedure. However, different from the first experiment, the corresponding prediction model was used in the training session. Another observed variable was the number of repetitions. To determine learning performance, 20 continuous sessions of assembly tasks were performed, and the participants had a rest period of 1 min between each session. The task content in each session was the same as in the previous experiment: the assembly of 20 products comprising four blocks. The dependent variables in this experiment were the average cycle time, RWT, and OWT. After finishing the experiment, each participant completed the subjective preference questionnaire for the handover prediction model performed.
Results
Experiment 1: Repetitive Assembly
Experiment 1 investigated the effects of the handover prediction model and assembly speed on cycle time and waiting time in mass production mode. Table 2 shows the average cycle time for the three skill level groups under the three handover prediction models. According to the analysis of variance (ANOVA) of cycle time, the two main effects of handover prediction model and skill level were significant (F(2,66) = 17.51, p < 0.001 and F(2,33) = 233.09, p < 0.001, respectively). The post hoc test was used to verify the levels of the two main effects, and the three skill levels were discovered to be highly significant (p < 0.001). Among the three handover prediction models, the cycle time was significantly higher when the MTM was used rather than the trigger sensor method and Kalman filter (p < 0.001); the difference between the cycle times for the trigger sensor method and Kalman filter was nonsignificant (p > 0.5). According to Figure 5 , the participants with higher skill level had a shorter average cycle time. For the trigger sensor method and Kalman filter, the participants of all skill levels had almost identical performance. However, the cycle time when the MTM was used was not positively affected by the higher efficiency of the more skilled participants because the robot's handover cycle time was predetermined at 8.7 s, causing the cycle time to remain close to that of the intermediate group.
According to ANOVA, the interaction between prediction model and skill level was highly significant (F(4,66) = 14.66, p < 0.001). Furthermore, the post hoc test verification demonstrated that the cycle time did not differ between the three handover prediction models for the beginner and intermediate groups (p > 0.5). Nonetheless, for the advanced group, the cycle time was significantly higher for the MTM than for the trigger sensor method and Kalman filter (p < 0.001), whereas the difference in cycle time between the trigger sensor method and Kalman filter was nonsignificant (p > 0.5).
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of the beginner group was 0 s, indicating that the cycle time for all tasks was within 8.7 s, resulting in no OWT. By contrast, for the advanced group, almost every task resulted in the operator having to wait for the robot; thus, the average OWT was 1.2 s. The results of ANOVA indicated that the effect of handover prediction model on OWT was highly significant (F(2,66) = 69.11, p < 0.001), as was that of skill level on OWT (F(2,33) = 77.23, p < 0.001). The interaction between model and skill level was also highly significant (F(4,66) = 69.84, p < 0.001]. Figure 7 plots the RWT and shows that when the trigger sensor method was employed, the three groups had fairly similar RWTs of approximately 0.1 s. When the Kalman filter was used, the RWT decreased slightly from 0.65 to 0.51 s as the skill level increased, but the RWT difference between the three skill level groups was not large. When the MTM was employed, the RWT dropped significantly from an average of 1.17 to 0.01 s as the skill level increased. The RWT was high for the beginner group but RWT almost 0 for the advanced group. The results of ANOVA revealed that the RWT was significantly affected by the handover prediction model (F(2,66) = 57.20, p < 0.001) and skill level (F(2,33) = 26.27, p < 0.001). In addition, the interaction term was highly significant (F(4,66) = 28.95, p < 0.001). Although the total waiting time was higher for the Kalman filter than the trigger sensor method, the average cycle time ( Figure 5 ) showed that these two models resulted in almost identical performance. The main factor was that in the investigated collaborative process, the robot only participated in the handover of assembly task; the final assembly task had to be completed by the operator. Hence, the cycle time of the entire operation was limited by operator-induced interference, with the waiting time prolonging the overall cycle time. Conversely, robot-induced interference did not affect the total task completion time. According to Figure 6 , the OWT was almost the same, approximately 0.1 s, for all skill groups when the trigger sensor method and Kalman filter were used. This explains why the cycle time was almost identical even though the waiting time was slightly longer for the Kalman filter method than the trigger sensor method.
In the subjective preference analysis of Experiment 1, the median scores and 95% confidence intervals of the participants' subjective preference for the three handover prediction models are displayed in Figure 9 . The advanced group had significantly lower preference for the MTM than the other two groups. The preference scores of all participants for the trigger sensor method and Kalman filter were relatively close, but the preference score for the Kalman filter increased as the skill level increased. Although the total waiting time was higher for the Kalman filter than the trigger sensor method, the average cycle time ( Figure 5 ) showed that these two models resulted in almost identical performance. The main factor was that in the investigated collaborative process, the robot only participated in the handover of assembly task; the final assembly task had to be completed by the operator. Hence, the cycle time of the entire operation was limited by operator-induced interference, with the waiting time prolonging the overall cycle time. Conversely, robot-induced interference did not affect the total task completion time. According to Figure 6 , the OWT was almost the same, approximately 0.1 s, for all skill groups when the trigger sensor method and Kalman filter were used. This explains why the cycle time was almost identical even though the waiting time was slightly longer for the Kalman filter method than the trigger sensor method.
In the subjective preference analysis of Experiment 1, the median scores and 95% confidence intervals of the participants' subjective preference for the three handover prediction models are displayed in Figure 9 . The advanced group had significantly lower preference for the MTM than the other two groups. The preference scores of all participants for the trigger sensor method and Kalman filter were relatively close, but the preference score for the Kalman filter increased as the skill level increased. Figure 9 . Median preference scores of participants in three skill level groups and for three handover prediction models. Two-way repeated ordinal regression was used to analyze the ordinal data of subjective preference, in which the prediction model and skill level were the independent variables, and the participants were used as blocking variables and were entered as a random variable. The results demonstrated that both prediction model (x 2 (2) = 42.12, p < 0.001) and skill level (x 2 (2) = 8.05, p < 0.05) had significant effects, and the interaction term of these two factors was also highly significant (χ 2 (4) = 69.09, p < 0.001). Due to the fact that the interaction term was highly significant, further Tukey post hoc tests were performed on the nine experimental combinations of three skill levels and three handover prediction models. The results revealed that at the 95% confidence level, the preference of the advanced group for the MTM was significantly lower than that for the other eight experimental combinations.
Experiment 2: Assembly Learning Effect
In Experiment 2, the cycle time was discovered to decrease due to the learning effect in a longer period of assembly. In addition, the effects of the three handover prediction models on the operator's cycle time and waiting time were compared.
According to Figure 10 , the overall average cycle time for 20 assembly sessions when the MTM, trigger sensor method, and Kalman filter were used was 9.11, 8.60, and 8.58 s, respectively. The cycle time for the MTM was significantly larger than that for the other two models. Between-participants ANOVA revealed that the main effect of the handover prediction model was highly significant (F(2,33) = 5.58, p < 0.01). In addition, the Tukey post hoc test showed that the average cycle time was significantly larger when the MTM was used compared with the trigger sensor method and Kalman filter (p < 0.05), but no difference was discovered between the trigger sensor method and Kalman filter (p > 0.1).
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According to Figure 10 , the overall average cycle time for 20 assembly sessions when the MTM, trigger sensor method, and Kalman filter were used was 9.11, 8.60, and 8.58 s, respectively. The cycle time for the MTM was significantly larger than that for the other two models. Between-participants ANOVA revealed that the main effect of the handover prediction model was highly significant (F(2,33) = 5.58, p < 0.01). In addition, the Tukey post hoc test showed that the average cycle time was significantly larger when the MTM was used compared with the trigger sensor method and Kalman filter (p < 0.05), but no difference was discovered between the trigger sensor method and Kalman filter (p > 0.1). Figure 11 illustrates the change in the average assembly time over time (20 sessions). The assembly time clearly decreased over time when the trigger sensor method and Kalman filter were employed, which is in agreement with the learning effect, according to which the cycle time should show a downward trend. When the MTM was employed, the cycle time again exhibited a downward trend when the assembly cycle time of the participants in the previous phase was greater than the predetermined cycle time (8.7 s). However, even when the assembly speed of the participants was higher in the later phase, the cycle time could not drop below the fixed handover cycle time (8.7 s; as shown by the dotted line in Figure 11 ). ANOVA revealed a highly significant effect of the prediction model (F(19,627) = 79.75, p < 0.001), and the interaction term between the session and prediction model was also highly significant (F(38,627) = 6.09, p < 0.001]. 
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Cycle time (sec) Figure 10 . Cycle time for three handover prediction models. Figure 11 illustrates the change in the average assembly time over time (20 sessions). The assembly time clearly decreased over time when the trigger sensor method and Kalman filter were employed, which is in agreement with the learning effect, according to which the cycle time should show a downward trend. When the MTM was employed, the cycle time again exhibited a downward trend when the assembly cycle time of the participants in the previous phase was greater than the predetermined cycle time (8.7 s). However, even when the assembly speed of the participants was higher in the later phase, the cycle time could not drop below the fixed handover cycle time (8.7 s; as shown by the dotted line in Figure 11 ). ANOVA revealed a highly significant effect of the prediction model (F(19,627) = 79.75, p < 0.001), and the interaction term between the session and prediction model was also highly significant (F(38,627) = 6.09, p < 0.001]. From the perspective of waiting time, neither the RWT (Figure 12 ) nor OWT ( Figure 13 ) significantly changed over time when the trigger sensor method and Kalman filter were employed; instead, the waiting times were randomly varying in each session. However, for the MTM, the RWT clearly decreased, whereas the OWT gradually increased in the later stage, which corresponds to the trend change displayed in Figure 11 , thereby affecting the average cycle time. The participants' subjective preferences were compared for the learning effect experiment (Experiment 2). The median score and 95% confidence interval for the three handover models are displayed in Figure 14 . The participants' preference score for the MTM was significantly lower than From the perspective of waiting time, neither the RWT ( Figure 12 ) nor OWT ( Figure 13 ) significantly changed over time when the trigger sensor method and Kalman filter were employed; instead, the waiting times were randomly varying in each session. However, for the MTM, the RWT clearly decreased, whereas the OWT gradually increased in the later stage, which corresponds to the trend change displayed in Figure 11 , thereby affecting the average cycle time. From the perspective of waiting time, neither the RWT ( Figure 12 ) nor OWT ( Figure 13 ) significantly changed over time when the trigger sensor method and Kalman filter were employed; instead, the waiting times were randomly varying in each session. However, for the MTM, the RWT clearly decreased, whereas the OWT gradually increased in the later stage, which corresponds to the trend change displayed in Figure 11 , thereby affecting the average cycle time. The participants' subjective preferences were compared for the learning effect experiment (Experiment 2). The median score and 95% confidence interval for the three handover models are displayed in Figure 14 . The participants' preference score for the MTM was significantly lower than From the perspective of waiting time, neither the RWT ( Figure 12 ) nor OWT ( Figure 13 ) significantly changed over time when the trigger sensor method and Kalman filter were employed; instead, the waiting times were randomly varying in each session. However, for the MTM, the RWT clearly decreased, whereas the OWT gradually increased in the later stage, which corresponds to the trend change displayed in Figure 11 , thereby affecting the average cycle time. The participants' subjective preferences were compared for the learning effect experiment (Experiment 2). The median score and 95% confidence interval for the three handover models are displayed in Figure 14 . The participants' preference score for the MTM was significantly lower than The participants' subjective preferences were compared for the learning effect experiment (Experiment 2). The median score and 95% confidence interval for the three handover models are displayed in Figure 14 . The participants' preference score for the MTM was significantly lower than that for the other two models. The Kruskal-Wallis rank-sum test was used to analyze the ordinal data of subjective preference, and the results revealed that handover prediction model (χ 2 (2) = 25.93, p < 0.001) had a highly significant effect. Furthermore, post hoc verification was performed through the Wilcoxon rank-sum test, and the findings showed no significant difference between the trigger sensor method and Kalman filter (p > 0.1), but both were preferred by the participants over the MTM (p < 0.001).
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Discussion
The results of Experiment 1 revealed that the subjective preference and objective average cycle time of participants of all skill levels for the three handover prediction models were highly consistent. No significant differences were discovered in either objective measurement or subjective preference between the beginner and intermediate groups for the three prediction models. However, for the advanced participants, the average cycle time was significantly lower and subjective preference were significantly superior when the Kalman filter was used compared to the MTM. In addition, no statistical differences were discovered between the performance of the Kalman filter and the trigger sensor method. This nondifference in performance is explained by the waiting time analysis. Since an OWT constitutes a negative interference with the fluency of an operation, a greater OWT not only results in a longer average cycle time but also lower preference. According to a comparison between Figures 6 and 9 , a shorter OWT resulted in higher preference. By contrast, a comparison between Figures 7 and 9 reveals that the RWT was uncorrelated with subjective preference. The results suggest that no interference occurred in the HRI because the RWT did not affect the cycle time. Therefore, a longer RWT does not affect the task completion time and subjective preference. This finding is consistent with [19] , who also concluded that human-robot team fluency was not correlated to robot idle time.
Experiment 2 explored the effects of the three handover prediction models on the learning curve of repetitive assembly. Similar to the results of Experiment 1, the average cycle time and subjective preference revealed that the Kalman filter was superior to the MTM, and no statistical difference was discovered between the Kalman filter and trigger sensor method. According to a comparison between Figures 11 and 13 , the OWT was again discovered to be the key factor affecting the cycle time. Moreover, the result illustrated in Figure 14 shows that the subjective satisfaction with the MTM was lower probably because of the higher OWT in the later phase of assembly.
Combining the two experiments revealed that in the repetitive assembly task, in which either a stable average assembly speed was accompanied by nonattributable random errors or there was a gradual change in the causable assembly speed, the Kalman filter was superior to the MTM and Figure 14 . Median preference score for the three handover prediction models.
The results of Experiment 1 revealed that the subjective preference and objective average cycle time of participants of all skill levels for the three handover prediction models were highly consistent. No significant differences were discovered in either objective measurement or subjective preference between the beginner and intermediate groups for the three prediction models. However, for the advanced participants, the average cycle time was significantly lower and subjective preference were significantly superior when the Kalman filter was used compared to the MTM. In addition, no statistical differences were discovered between the performance of the Kalman filter and the trigger sensor method. This nondifference in performance is explained by the waiting time analysis. Since an OWT constitutes a negative interference with the fluency of an operation, a greater OWT not only results in a longer average cycle time but also lower preference. According to a comparison between Figures 6  and 9 , a shorter OWT resulted in higher preference. By contrast, a comparison between Figures 7 and 9 reveals that the RWT was uncorrelated with subjective preference. The results suggest that no interference occurred in the HRI because the RWT did not affect the cycle time. Therefore, a longer RWT does not affect the task completion time and subjective preference. This finding is consistent with [19] , who also concluded that human-robot team fluency was not correlated to robot idle time.
Combining the two experiments revealed that in the repetitive assembly task, in which either a stable average assembly speed was accompanied by nonattributable random errors or there was a gradual change in the causable assembly speed, the Kalman filter was superior to the MTM and resulted in the same performance as the trigger sensor method. Using the five formulas of the Kalman filter and parameter settings, the system can be employed to recursively predict the next value using the preceding measured value. The R in this study was set to 0.004 2 after several pretests. If the set value is too large, the correction of the system is slow, and the system lags behind the gradually changing assembly speed. By contrast, if the set value is too small, the system is overly sensitive. If the previous assembly was too slow due to a nonattributable random error, this information is quickly reflected in the next assembly time prediction, resulting in a longer prediction time for the next cycle, which is obviously not the behavior of an accurate system. The Kalman filter effectively predicted handovers in the repetitive assembly tasks used in this study under appropriate parameter settings. All predictions had errors that led to an RWT or OWT, and those made using the Kalman filter were no exceptions. As aforementioned, the RWT had no effect on the cycle time and subjective preference in the investigated assembly task; rather, the key was the OWT. Figure 6 shows that OWT for the Kalman filter, apparently, was larger than that of the trigger sensor method. However, the participants did not appear to dislike the Kalman filter, as evidenced by the subjective preference ratings reported by the participants. One reason may be that the random errors in the OWT were generally small and less than 1 s. Interestingly, some participants stated that completing the task with the robot using the Kalman filter prediction method was more "like interacting with another human operator". Interacting with a robot that applies the trigger sensor approach results in the smallest and most 'predictable' random error in OWT and RWT, "like pushing a button and getting a response from the robot". Participants usually related this experience to 'reactive' and 'not autonomous'. On the other hand, when interacting with the robot using the Kalman filter prediction method, the variations in OWT and RWT were generally less predictable and this small variation in the Kalman filter predictions, when compared with the almost fixed random error in the trigger sensor context, may have enhanced the participants' acceptance of the Kalman filter prediction model.
The subjective questionnaire assessed the participants' acceptance in terms of "fluency" by using the items "The robot and I work well together", "Deliveries made by the robot are smooth", and "I work fluently with the robot". The two experiments conducted in the present study verified that when the OWT was lower, the participants were more likely to regard the robot as a team member and subjectively felt greater fluency in the HRI. Therefore, in a collaborative environment, reducing the OWT through effective prediction can help operators accept robots as normal working partners in the work environment.
This study assumed that HRI was limited to a simple handover and investigated the cycle time, waiting time, and subjective preference of operators. This simple handover context revealed that the RWT did not affect performance and subjective preference. However, in actual manufacturing, HRI is not limited to simple handovers, because robots usually have to perform other tasks in addition to handover tasks. Therefore, this limitation was ignored in this study. The effects of the OWT and RWT on performance and whether the Kalman filter prediction model is superior are research topics worthy of further investigation.
In this study, the Kalman filter prediction model was implemented at the task level; that is, the time measurement value z k of each completed assembly was the input of the current state. The real-time assembly movement speed could feasibly be used as an input with the PhaseSpace measurement method, which should result in improved stability of predictions. Although measurements are not easy to perform using conventional motion capture equipment due to the high cost of their implementation on production lines, if the assembly motion speed can be confirmed as an input that improves prediction stability, image and speed information could be captured using a relatively low-cost RGB 3D camera and Leap motion gesture sensing device. In addition, if the model were integrated with an artificial intelligence and deep learning algorithm (e.g., a convolutional neural network or long short-term memory), the assembly movement speed could be predicted, and the Kalman filter could be used to predict the cycle time of human-robot collaboration in an assembly task.
It may be questioned whether the choice of a fixed standard time for all those experiments that employ the MTM approach-here set to 8.7 s-is distorting the results of the user experience assessment. For example, one may assume that participants with different skill levels should be assigned different cycle times that reflect their level, or that in general a shorter cycle time would be appropriate for this simple handover task. A shorter cycle time and, subsequently, a shorter OWT would have resulted in a better evaluation of working with the MTM approach. Two defenses of the strategy chosen in this study shall be given: First, it would be inappropriate to assume an exclusive and direct positive correlation between the cycle time being shorter and the user being more satisfied. Rather, what contributes to a lower satisfaction is the lack of flexibility and nonreactivity to changing conditions. Second, the choice of a standard time is at the core of the MTM as a well-implemented procedure in industrial processes since the 1940s. This standard time is used extensively to calculate operators' wages, productivity, or as basis for quotation price, to name a few. In many companies, these data are readily available and applied in cost minimization strategies. Since MTM is predetermined, analysis-, and calculation-based, the obtaining of this standard time does not involve human operators or react immediately to individual deviations and differences. Yet, this is exactly the objective of and motivation for this study. Varying the standard time would undermine this objective by removing it further from real production processes.
Conclusions
This study used the common building block task as a human-robot collaboration setup and discussed two scenarios of repetitive assembly tasks and repetitive assembly under a learning curve. The Kalman filter, MTM, and trigger sensor method were employed, and the cycle time, waiting time, and participants' subjective preference were compared to identify the handover prediction model resulting in the shortest cycle time and highest subjective preference.
The results revealed that the Kalman filter was superior to MTM in terms of the average cycle time and subjective preference and was comparable to the trigger sensor method. The system input used by the Kalman filter in this study was the time measurement for each completed task. If the model were to be implemented on an actual production line, this system input would be equivalent to the time interval between the removal of a previous object from the robotic gripper and the removal of the current object. Data are relatively easy to obtain from grippers, which are generally powerful; thus, this approach has potential for implementation on production lines while the similarly preferential and efficient trigger sensor method bears practical limitations in terms of cost and feasibility. 
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